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                                      a b s t r a c t 
The rapidly growing world energy use already has concerns over the exhaustion of energy resources and heavy 
environmental impacts. As a result of these concerns, a trend of green and smart cities has been increasing. To respond 
to this increasing trend of smart cities with buildings every time more complex, in this paper we have proposed a new 
method to solve energy ineﬃciencies detection problem in smart buildings. This solution is based on a rule-based 
system developed through data mining techniques and applying the knowledge of energy eﬃciency experts. A set of 
useful energy eﬃciency indicators is also proposed to detect anomalies. The data mining system is developed through 
the knowledge extracted by a full set of building sensors. So, the results of this process provide a set of rules that are 
used as a part of a decision support system for the optimisation of energy consumption and the detection of anomalies 
in smart buildings.
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l  1. Introduction
Nowadays, the growing world energy use has already raised
concerns over supply diﬃculties ( Belussi, & Danza, 2012 ), exhaus-
tion of energy resources and heavy environmental impacts ( Pérez-
Lombard, Ortiz, & Pout, 2008; Rashid et al., 2011 ). Worldwide
trends in energy consumption in residential, public services and
commercial sectors with a total consumption of 56.9% ( EIA, 2013 ),
which constitutes 24% of the world’s CO 2 emission ( Day, Jones, &
Turton, 2013 ), are basically focused on improving the Energy Eﬃ-
ciency (EE), based on renewable energy use and systems that min-
imises the energy consumption. 
Currently, there are many international organisations sponsor-
ing initiatives to encourage the development of technologies in
this area ( de Alegría Mancisidor, Díaz de Basurto Uraga, Martínez
de Alegría Mancisidor, & Ruiz de Arbulo López, 2009; EEA 225,
2013 ); International Energy Agency (IEA), U.S. Department of
Energy – Energy Information Administration (DOE/EIA), Energy
European Commission (EEC), Organism for Economic Co-operation
and Development (OECD) have taken steps to facilitate and im-
prove developments in this area with directives like Directive
2012/27/EU on energy eﬃciency (EU) or Executive Order (E.O.)∗ Corresponding author. Tel.: +34669381722.
E-mail addresses: manuelpm@dte.us.es (M. Peña), fbiscarri@us.es (F. Biscarri),
uaguealo@us.es (J.I. Guerrero), imonedero@us.es (I. Monedero), cleon@us.es
(C. León).
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w  3514; Federal Leadership in Environmental, Energy, and Economic
erformance; October, 2009(DOE/EIA). 
The updated technology and cost parameters have possibly con-
ributed to lower electricity consumption. Therefore, EE is rapidly
ncreasing in world energy due to the exhaustion of energy re-
ources and heavy environmental impacts. Substantial opportuni-
ies to improve energy eﬃciency have been expressed by the In-
ernational Energy Agency (IEA) ( DOE/EIA-0383, 2013 ). 
The increase of smart cities ( Lazaroiu, & Roscia, 2012; Yama-
ata, & Seya, 2013 ), smart and green building ( Chou, Chua, Ho,
 Ooi, 2004; Djevic, & Dimitrijevic, 2009; Singh, & Tiwari, 2010;
haffarianHoseini, Dahlan, Berardi, GhaffarianHoseini, Makaremi,
t al., 2013; Vadiee, & Martin, 2013 ) this is becoming the begin-
ing of the future building construction trend ( GhaffarianHoseini
t al., 2013 ). The advantages of these buildings include a high
evel of comfort, high power eﬃciency, and environmental friend-
iness ( Dounis, & Caraiscos, 2009; Day et al., 2013; Martin, Hernan-
ez, & Valmaseda, 2015 ). Besides, the renewable energy sources
tilised as the main power supply of the smart buildings ( Omer,
008; Xia, Zhu, & Lin, 2008; Tsiamitros et al., 2014; Gul & Pati-
ar, 2015 ) help to reach an environmental friendliness, high-
evel comfort and power eﬃciency in buildings. These require-
ents used to be reached managing an effective control in the
uilding. 
At the present, current research trends in EE are focused on
arious scopes. In the last decade, there was considerable re-
earch concerning optimisation of EE in buildings ( Weng, & Agar-
al, 2012 ). Some trends go from building investment decision
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a   Malatji, Zhang, & Xia, 2013 ) to building design ( Pacheco, Ordóñez,
 Martínez, 2012 ), but the main trend is focused on new technolo-
ies applied to smart buildings. In Noailly (2012 ), the impact of
nvironmental innovation technologies to improve EE in general
uildings are studied, and ( Andrews, & Krogmann, 2009 ) specif-
cally for commercial buildings. Another trend in EE is based on
ptimising the energy consumption keeping a high level of well-
eing for the occupants. In Ma, Qin, Salsbury, and Xu (2012 ), a de-
and reduction based on an economic slant is proposed. Also, in
arinakis, Doukas, Karakosta, and Psarras (2013 ) the studies are
ocused on tertiary sector and in large buildings through a sim-
lation system ( Colmenar-Santos, Terán de Lober, Borge-Diez, &
astro-Gil, 2013 ). 
The increasing sophisticated Building Automation System (BAS)
 Marinakis, Karakosta, Doukas, Androulaki, & Psarras, 2013 ) has
ecome the cornerstone of modern intelligent buildings. Integrat-
ng energy supply and demand factors, often known as Demand-
ide Management (DSM) has become an important energy ef-
ciency policy concept ( Azadeh, Saberi, Ghaderi, Gitiforouz, &
brahimipour, 2008 ). Much of this potential can be captured
hrough policies for the advancement of the implementation of en-
rgy management and control systems (EMCS). 
In EMCS ( Haberl, Sparks, & Culp, 1996; Altwies, & Nemet,
013 ), one of the most complex problems is the optimal energy
anagement according to real-time environmental variables of the
uilding. The EMCS manages the best energy policies for building
n real time with the main goal of keeping the high-level comfort
ith the minimum power consumption in different operating
onditions ( Kolokotsa, Kalaitzakis, Antonidakis, & Stavrakakis,
002; Dounis, & Caraiscos, 2009, Pang, Wetter, Bhattacharya, &
aves, 2012 ). Thus, at present, research groups works try to solve
his problem from different points of view and with different
echniques ( Nguyen, & Aiello, 2013 ). Some studies go from basic
ctions to improve the EE in commercial buildings ( Escrivá-Escrivá,
011 ) to more sophisticated energy management based on a set
f rules integrated in a SCADA based on predictive controller
hrough a cost function system ( Figueiredo, & Sá da Costa, 2012 ).
n ( Diakaki, Grigoroudis, & Kolokotsa, 2008; Diakaki et al., 2010 ), a
ulti-objective model based on a decision maker to improve the
E in buildings through multi-criteria decision analysis techniques
re applied. Another proposal is considered in Oldewurtel et al.
2012 ), with a predictive control model joined with a weather
orecast that advise how to control HVAC in the smart building.
ore complex solutions are based on a multi-agent system (MAS).
n Doukas, Nychtis, and Psarras (2009 ), the energy consumption
nd the environment friendless criteria have optimised through
 multi-objective model with the purpose of the investment. In
lein et al. (2012 ), the model is based on a Markov Decision Model
MDM). And in Yang, and Wan, (2012 ), an MAS based on building
ccupant behaviours is employed for an optimisation of energy
onsumption and maintaining high-level comfort. 
Other research trends propose EE solutions through knowl-
dge discovery from the data. A data analysis and classiﬁcation
o predict the energy consumption of the building is proposed
n ( Li, Bowers, & Schnier, 2010 ). In ( Kim, Stumpf, & Kim, 2011;
apozzoli, Lauro, & Khan, 2015 ), an interesting analysis of energy
ﬃcient building design through DM techniques is provided. Also,
n Yu, Haghighat, Fung, and Zhou (2012 ), the authors proposed
iscovering the knowledge based on mining associations between
uilding operational data. However, the analysis of energy con-
umption at the use stage is very important, and it is obvious that
he construction characteristics of the buildings strongly affect
onsumption during the life cycle of the building. Furthermore, the
ay in which the facilities are used during the use stage is also
ery important when determining the eﬃciency of the building
 Yu, Haghighat, Fung, Morofsky, & Yoshino, 2011; Domínguezt al., 2013 ). Within the current research trends in EE, other simi-
ar work done on EE anomalies detection in smart buildings using
ata mining techniques were not found. Most related papers found
ere ( Li et al., 2010; Figueiredo & Sá da Costa, 2012; Oldewurtel
t al., 2012; Yu et al., 2012 ). 
Rule-based systems are traditionally useful in energy eﬃciency,
mplementing energy management and control systems, even in
he new scenarios provided by smart grids ( Liu et al., 2010 ). There
re many references about rule-based system which support the
nergy eﬃciency optimisation process in different aspects, and
ome of these references usually are combined with other tech-
iques to improve the accuracy and eﬃciency of the optimisation.
EMERGY.net ( Fenz et al., 2014 ) proposed a web-based optimi-
ation environment, which supports users in decision-making
egarding energy-eﬃcient building designs; this system is based
n a rule-based system which uses an ontology of linked building
roduct data.( Wang et al, (2012 ) proposed a rule-based algorithm
or elevator group control, which focuses on design of dispatch-
ng rules for energy saving. Brooks and Barooah (2014 ) studied
wo control-oriented methods of improving energy eﬃciency in
ommercial buildings: rule-based, feedback controller that uses
eal-time occupancy measurements, and model predictive control
MPC). Multi-Agent Systems (MAS) are a technology related with
BS, because each agent implements a rule-based system. In
his sense, Villar et al. (2009 ) proposed a real application of an
AS for coordinating the electrical heaters of a building in order
o consider the comfort level and the energy eﬃciency in the
uilding. Hurtado et al. (2014 ) proposed an agent-based control
trategy for the operation of buildings, implementing a fuzzy
ule based decision making strategy to monitor and control de
nergy ﬂows in a building. Finally, Ryu et al. (2012 ) proposed a
ule model where rules could be dynamically updated according
o user feedback and applied to various situations, in order to
aintain the energy eﬃciency and user comfort level. 
The current work described in this paper is immersed in Project
noholEM, adhered to FP7 (FP7-285229 KnoholEM). The main con-
ents of Project KnoHolEM are based on an intelligent energy
anagement solution relying on three main elements: knowledge
odelling techniques and knowledge base, extended validation on
arious demonstration objects for the enhancement of the knowl-
dge database, as well as on hardware implementation of the en-
rgy management system. Some of the most important objectives
f the Project KnoHolEM are a functional energy-oriented build-
ng model, a speciﬁc building behavioural model completed by a
uilding-speciﬁc ontology and a data-mining procedures for real-
ime detailed energy consumption analysis. 
The aim of the present paper is to optimise the EE in a smart
uilding, reducing energy consumption, keeping a high degree of
omfort, and being environmentally friendly through a Data Min-
ng (DM) approach. This work is focused on detecting EE anomalies
n smart buildings. For this purpose, a system of Energy Eﬃciency
ndicators (EEIs) and a Rule-based System is presented. These sys-
ems are carried out after a DM process to extract the knowledge
idden in historical building data and EE experts. This knowledge
s used in EEIs and a set of “best policies” that help experts to
chieve the primary goal. Subsequently, the anomalies detected are
orrected through a set of policies that regulate these anomalous
ehaviours, as shown in Fig. 1 . Nowadays the prototype is in test
hase, and thanks to the progress made in this ﬁeld and the results
ffered, a future goal is to integrate this framework in commercial
n EE software called Eugene, owner of ISOTROL Company. 
The paper is organised as follows: in Section 2 , the smart
uilding description and data sources are presented. The data
ources description is divided into three subsections: indoor sen-
ors, outdoor sensors and ﬁnally, energy analysers. In Section 3 ,
 data mining-based DSS to increase the energy eﬃciency at the
Fig. 1. Data Mining Energy Eﬃciency framework.
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 building is proposed. It is divided into three subsections: the
data pre-processing (cleaning, ﬁltering and transformation), the
Energy Eﬃciency Indicators description, and ﬁnally, the Rule-based
System to detect anomalies in the smart building. In Section 4 ,
the results of the framework obtained from the smart building are
presented. Section 5 , has concluding remarks and future research
lines are proposed. 
In the related work, a case of study is proposed. The main goal
of this case of study is how to detect EE anomalies in smart build-
ing automatically and with high effectiveness. Nowadays, most of
the building needs to be analysed by EE experts to on one hand,
analyse and understand the EE building behaviour, and on other
hand, try to detect EE anomalies. 
In this case of study a system which is able to analyse
the EE behaviours of a building, detect all types of EE ineﬃ-
ciencies and check how of effective is proposed through a DM
approach. 
2. The smart building description and data collector
For anomaly detection it is a basics necessity to know the en-
ergy consumption behaviours in the building. Thus, in this section
a description of BlueNet building and the technology employed
in the smart building is described. Besides, a description of data
sources used in the anomaly detection is presented. This knowl-
edge is basic for understanding the eﬃciency of the energy con-
sumption in the BlueNet building and therefore for the anomaly
detection. 
The BlueNet building is situated in the south of Spain (Seville,
37 º24’29.97’’N, 6 º00’18.63’’O). This building is used as an oﬃce
building focusing on the main activity from 8:00 to 17:30, although
sometimes there are different schedules. The building has contin-
uous exterior and interior windows all around, 1.5 ×1.5 m. It is
therefore a building with a glass Coollite cyan curtain wall. The
windows are hinged to the outside of it and have shutters with
double glazing. The frames are white aluminium interior doors and
windows, while windows are aluminium exterior gray, and doors
are solid white lacquered wood. The roof is ﬂat. 
The BlueNet building is composed of a luminary system Light
Master of Philips (Luminary with ballast HF-R TD 318) connected
by a Dali bus. The Dali bus is centralised by a LRC5141 controller
that connects to a centralised server through a Long/ModBus gate-
way (IntesisBox). This server is responsible for sharing data and
applying function policies. 
In BlueNet, HVAC is based on a VRV System. This system is
composed by a set of indoor units (Daikin FXSQ-M7V1B) and a
set of outdoor units (Daikin RXYQ-MY1B VRV II inverter with heat
pump). All units are connected by a DIII-Net. These connections
are centralised in a DMS504B51 Daikin Lonworks Interface that isonnected in turn to a centralised server through a Long/ModBus
ateway (IntesisBox) using a communication protocol I3E. 
The power consumption in the BlueNet building mainly comes
rom IT equipment (PC ´s, Servers, media, etc.). The major con-
tituent of power consumption used to be consumed in oﬃce
ours with the exception of some work groups that are supported
4 hours a day. 
Usually smart buildings are composed of several units of data
etering. The BlueNet building covers three main areas of me-
ering; indoor sensors, outdoor sensors, and energy analysers. The
ndoor sensors are composed of 16 ZigBee sensors per plant that
ollect indoors variables, ZigBee motes are centralised by a mas-
er ZigBee used as a gateway that assembles all the measurements
nd shares this data into the centralised server. Outdoor sensors
re composed by a set of sensors placed on the BlueNet build-
ng to extract environmental variables and share all these mea-
urements in a centralised server. Finally, energy analysers share
ll power consumption variables of the building (HVAC, air mix-
rs, splits, lighting, power and other consumptions). These analy-
ers are centralised through a Modbus master device that collects
nd transmits all the measurements to the centralised server that
hare all the BlueNet building information. Besides the informa-
ion on these three areas, the information adhered to the calendar
f working days is included. All this data is shared as quite valu-
ble information to understand building consumption patterns and
pply EE policies. 
.1. Data sources description 
.1.1. Indoor sensors 
These sets of ZigBee sensors are placed in strategic locations
n the BlueNet building and coordinated by a master sensor. This
aster sensor manages the other sensors sending the data meter-
ng to a device that aims to collect sensor information and sends it
o the BlueNet centralised server. Indoor sensors are programmed
o send a meter reading to the master sensor every 30 seconds.
hese sensors collect the following data: 
a) Temperature: ZigBee sensors read the temperature in every
room in the building, normally there are at least 2 or 3 sensors
in every room to ensure obtaining the correct temperature.
b) Humidity: ZigBee sensors read the relative humidity in every
room of the BlueNet building, it is very important to calculate
the actual temperature in every room.
c) Lux: ZigBee sensors check the actual lighting system obtaining
the amount of luxes in every room of the building.
d) Presence: These sensors obtain the data presence of every per-
son that is placed in the BlueNet building identifying every per-
son with a unique id and obtaining information about the time
that every person is in the rooms.
Fig. 2. Plane of BlueNet building architecture and HVAC distribution.
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f  .1.2. Outdoor sensors 
Besides, there is a set of sensors that take data metering of
he BlueNet environment. These sensors are responsible for collect-
ng environmental data. Outdoor sensors are programmed to select
 data metering every 10 min. The main measurements obtained
rom our work are: 
a) Temperature: Sensors take the environment temperature every
10 min and also, maximum, minimum and mean temperature
of each day.
b) Humidity: Outdoor sensors take the environmental humidity
and the amount of rain that has fallen to calculate the actual
of environmental temperature.
c) Sunshine: Sensors obtained calculate the amount of sunshine
that irradiate to the building every day.
d) Wind: Outdoor sensors also obtain the amount of wind and its
direction in the building environment.
.1.3. Energy analysers 
Energy analysers are placed in an energy distribution panel in-
ide of BlueNet building, they are connected to a Master Modbus
evice (PLC) responsible for managing the energy analysers. These
nalysers are connected to the four areas of energy consumption in
he building (HVAC, Lights, Power and other consumptions). These
nalysers are programmed to send a meter reading of four areas
very 5 min to the Master Modbus Device. The principal features
f each area are: 
(a) HVAC:
This area had been the primary area in this study due to the
nown inﬂuence in the BlueNet EE ( Hou, Lian, Yao, & Yuan, 2006;
u & Clements-Croome, 2007 ). Besides, the HVAC area is the
argest area in energy consumption, and also the most controllable.
VAC management has the major margin for EE improvement with
43876.7 MWh in 509 days that represent 40.11% of the total en-
rgy consumption in the building. In this case, the different com-
onents in the HVAC ﬁeld could be identiﬁed (compressors, parts,
ir mixer, Fig. 2 ), and the consumption of every item calculated as
ndicated: - AP_COMPRESSOR : 3 ∗ AP_CLI_FASE3 (kW)
- AP_SPLITS : AP_CLI_FASE1 - AP_CLI_FASE3 (kW)
- AP_AIR_MIXERS : AP_CLI_FASE2 - AP_CLI_FASE3 (kW)
After analysing every HVAC item, the following conclusions
ave been extracted; compressors consume the bulk of the HVAC
nergy and deliver a basal consumption of 1.7 kWh (as shown
n Fig. 4 ). Below this, the active power compressor is considered
witched off. In contrast, splits and air mixers work without a basal
onsumption. 
(b) Lights:
Despite lighting only having a 19.03% of total energy consump-
ion in BlueNet building, by 68281.7 MWh during a period of 509
ays, it is diﬃcult to reduce this consumption (lighting is a nec-
ssary building consumption and it associated to presences in
ooms). There are new policies to utilise in future project extension
ith a dimmer and Lux sensor implementations that are able to
idely reduce lighting consumption. The study of this ﬁeld could
rovide interesting information in EE such as occupation patterns,
nomalies consumptions or group behaviour. 
(c) Other:
This area is the least in energy consumption by only
6170 MWh in total energy consumption in 509 days analysed be-
ides having a strong ﬁxed consumption which is diﬃcult to man-
ge. Thus, with only a 7.3% of total energy consumption this is the
east relevant ﬁeld in EE. 
(d) Power:
This area is the second most important for this study with
20368.7 MWh in total consumption although had the second
argest consumption with a 33.56% in the period of 509 days. The
onsumption manner is diﬃcult to improve due to computers used
n oﬃces diﬃcult to reduce that kind of consumption. Likewise,
ther policy taken from power consumption has been interesting
o improve EE. 
Thus, in the study the four areas of energy consumption were
nalysed. More importantly the BlueNet building EE were mainly
ocused on HVAC management, as well as, 143876.7 MWh of the
Fig. 3. BlueNet building software prototype.
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a  energy building consumption is used in HVAC to provide sus-
tainable and comfortable environment. Major HVAC consumption
proceeds speciﬁcally from the compressor motor engine consump-
tion with a 46.38%. Every area was carefully examined for de-
tecting every possible EE anomaly that provides improved energy
management. 
On one hand, this ﬁrst study aims to quantify the energy con-
sumption in the BlueNet building and on the other hand, how the
energy has been consumed (e.g. Regime changes in compressor,
operational changes in the compressor, lighting patterns). Our aims
in this analysis were to study the inﬂuences of these variables in
the EE, as well as, quantify the importance of each one of these
variables in every EE area (HVAC, lights, power and others). Hence,
a set of EE Indicators has been deployed from these variables, and
theses EE Indicators help us to establish the system. 
3. The data mining-based decision support system
Knowledge Discovery in Databases (KDD) refers to the overall
data mining process of discovering useful knowledge from data.
Before the DM process, the data were analysed, ﬁltered, sorted
and selected ( Han, & Kamber, 2001; Maimon, & Rokach, 2010 ). In
data pre-processing phase, BlueNet contains different data sources:
energy consumption, indoor environmental data and environmen-
tal outdoor data. All of them have their own frequency of tim-
ing. Thus, in this pre-process the frequency is synchronized with
a period of 10 min in data register. The time interval for these
data sources are covered between January of 2011 and January of
2013. Once the data were standardised, the data sample contains
5087485 records corresponding to the set of variables of BlueNet
building, where only the more relevant variables were selected for
use in the study. (Described in Appendix A ). 
Once all the data was collected and analysed in BlueNet DB, a
system based on the SCADA of BlueNet building were developed
through DM techniques. The objective of this system was to extract
knowledge hidden in BlueNet building data, and also, develop a
Rule-based System Module and EEIs based on this knowledge. This
knowledge was used in real time with the BlueNet building data
metering to detect EE anomalies. This knowledge became in the
cornerstone of this work. Furthermore, Rule-based System Module
and EEIs are nowadays in test phase, and it will be connected to anE tool owner of ISOTROL company called Eugene. These modules
rovide all the knowledge extracted from BlueNet building data us-
ng Analytics and Big Data techniques, and improves the results of
E tool. This architecture is depicted in Fig. 3. 
The data mining techniques used were based on statistic tech-
iques and the study of the patterns extracted from BlueNet data.
s a result of the patterns detected and the results of statistics,
he knowledge in specifying EEIs and establishing the set-points
arameters for rules anomaly detection are provided. Also, these
echniques have been applied mainly to assess the correct setting
n EEIs and rules. These data mining techniques were based on the
tudy and valuation of energy behaviour graphics. All these pro-
esses were applied and explained in every EEI and rules that are
escribed in Section 3.2 and 3.3 . 
For this work, we used SPSS Modeller (by SPSS Inc. an IBM
ompany) a powerful and extended tool in the data mining area.
his tool includes IA libraries using to create the anomaly detec-
ion system through DM techniques. 
.1. Data pre-procesing 
In the ﬁrst step of pre-processing, the 5087,485 records of the
ata set were analysed and 636,310 missing data corresponding
o null values of the distributed metering units were found. This
roblem used to happen in a distributed sensor’s environment, so
hese data were ﬁltered and deleted in the data sample. Once the
utliers’ exclusion of data had been completed the next require-
ent is guaranteed a basic data quality: 
- Detect and ﬁx the correct percentage of consumption disper-
sion.
- A valid sample of data requires at least one data each 30 min.
Under pre-processing, conditions were ﬁltered 636310 records
orresponding to outliers and after applying the basic rules of
uality, 34 records were ﬁltered. Finally, the data sample was sim-
liﬁed from 5087,485 records to 4451,141 records. 
Once pre-processing was carried out through ETL methods, all
he attributes described in Section 2.1 were analysed to infer the
orrelation between indoor and outdoor sensor data and energy
onsumption behaviours through PCA analysis techniques. PCA is
 statistical procedure concerned with elucidating the covariance
Fig. 4. Operational changes of HVAC compressor (OCC).
Table 1
Attribute selection.
Variable Unit
AEMET_AT ºC
AP_CLI_FASE1 Kw
AP_CLI_FASE2 Kw
AP_CLI_FASE3 Kw
AP_LIG_FASE1 Kw
AP_LIG_FASE2 Kw
AP_LIG_FASE3 Kw
AP_POW_FASE1 Kw
AP_POW_FASE2 Kw
AP_POW_FASE3 Kw
PRESENCE_ID_ENT Id
PRESENCE_ID_EXT Id
ZIGBEE_AT ºC
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l  tructure of a set of variables. In particular, it allows us to identify
he principal directions in which the data varies. As result of this
nalysis, an attribute selection were realised, for data classiﬁcation
nd prediction (Han, & Kamber, 2001; Maimon, & Rokach, 2010).
he aim of this attribute selection was: study the inﬂuence of each
ttribute, as well as, to quantify the importance of every variable
n EE. Before applying attribute selection, these variables were se-
ected among all those that would be used as input parameters of
he analysis (described in Appendix A ). After ﬁltered variables in
ata sample according to some similar studies ( Hou et al., 2006 )
ore important variables were selected after applying a Princi-
al Components Analysis (PCA) study. As result, variables shown
n Table 1 were selected for the EE study. Much of these variables
ere studied and selected in other similar researches studies ( Wu,
 Clements-Croome, 2007 ). 
Once relevant variables were selected, the behaviour of histor-
cal data of these variables yield the following results; 40.11% of
uilding consumption was spent in HVAC, 33.56% of energy con-
umption in power, a 19.03% spent on lighting and another 7.3%
n other derivate consumption with a total accumulated energy
onsumption in the BlueNet building of 358697.1 MWh during the
nalysed period. 
.2. Energy eﬃciency indicators (EEIs) 
Based on experts ´ knowledge and historical data, a set of En-
rgy Eﬃciency Indicators (EEIs) was built in every relevant arean BlueNet building. These EEIs were in charge of the continuous
valuation of BlueNet building EE behaviour. Through Data Mining
echniques, all the relevant information hidden in the data were
xtracted, and every EEI could provide the knowledge to detect EE
nomalies. 
(a) Operational changes of HVAC compressor (OCC) indicator:
A large number of daily On–Off operations were considered
nomalous or ineﬃcient. A large number of OCC could cause one
f the most EE wastes or ineﬃciencies, greatly increasing power
onsumption. This EEI counts the number of daily On–Off opera-
ions in the compressor. 
An example of a high value of this EEI is a high consumption
ariance, as shown in Fig. 4 . This behaviour in HVAC compressors
ould warn about a possible anomaly in HVAC management (the
VAC is badly dimensioned for this room, the HVAC is too power-
ul for this room or a possible breakdown in temperature sensor is
one). On the other hand, a compressor with a high OCC is prone
o break with a lower lifetime period. 
(b) Number of operational regime changes of the HVAC compressor
ORCC) indicator: 
It considers abnormal or ineﬃcient a large number of opera-
ional regime changes in the HVAC compressor (ORCC). An ORCC is
eﬁned as a change in the compressor power greater than 0.5 kW
ith respect to the previous measurement (10 min). These param-
ters have been speciﬁed based on the results of DM techniques
nder the consensus of Isotrol HVAC experts. This could mean that
he HVAC machine is not properly calibrated (there is too much
ower for its require use) or the temperature of the room is forcing
o the HVAC compressor to constantly change its operating mode,
s shown in Fig. 5 , where there is a high variation in the HVAC
ompressor consumption. 
This EEI counts the number of daily ORCC periods, and during
ow many daily min the ORCC periods had been produced. Besides
his, EEI indicates a possible improvement in HVAC management.
his improvement consists in softening the HVAC consumption
urve by applying EE policies in the Rule-based System module. 
(c) Switch ON HVAC compressor and abnormal changes in indoor
emperature (SONCCIT) indicator: 
It is considered abnormal or ineﬃcient if a compressor is
unning and the room temperature decreases sharply (winter)
r increases sharply (summer). This could be due to a sudden
eakage of high temperature (winter) or a sudden inﬂux of heat
Fig. 5. Operational changes of HVAC compressor (ORCC).
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B  (summer) in the room, which counteracts the effect of the HVAC
system (i.e. Opened windows or doors). A SONCCIT is deﬁned
when the HVAC system is turned on (the HVAC compressor
consumption is upper to 1.7 kWh) and had been produced a
change in indoor temperature greater than or equal to 1 ºC
between samples (10 min). 
This EEI counts the total minutes per day with a SONCCIT
anomaly. Besides, this EEI averages the daily active power in the
HVAC compressor during the compressor anomaly, and the number
of periods per day in which a compressor-on anomaly had been
observed (an anomalous period is speciﬁed by the aggregation of
consecutive anomalous data points). 
(d) Switch OFF HVAC compressor and abnormal changes in indoor
temperature (SOFFCCIT) indicator: 
It is considered abnormal or ineﬃcient if the room tempera-
ture rises sharply (winter) whilst the compressor is not running.
It could be due to a heat source (electric heater), replacing the
HVAC system, it will indicate an ineﬃcient use of power energy.
From historical data, it is considers anomalous an increase of 1 °C
between samples (10 min) during the winter period, or a decrease
during the summer months. 
This EEI counts the total minutes per day with a SOFFCCIT
anomaly. Besides, this EEI averages the daily active power in the
HVAC compressor, and the number of periods per day in which
a compressor-off anomaly had been observed (like in SONCCIT, an
anomalous period is deﬁned by the adding of consecutive anoma-
lous data points). 
(e) No persons in bluenet building and switch ON HVAC compres-
sors (NPSONC) indicator: 
An anomalous function of compressor is considered when ab-
sence of any people or the lights are switched off and the com-
pressor is switch on, NPSONC. It could be considered that the air
conditioner is switched on due to ignorance, considering that there
is no building occupancy without the lights switched on. This in-
dicator can be restricted to non-daylight hours (night) or non-
work days. To infer the presence of persons in the building were
considered attributes, such as, PRESENCE_ID_ENT, PRESENCE_ID_EXI,
AP_LIG_FASE1, AP_LIG_FASE2, AP_LIG_FASE3, AP_POW_FASE1, AP_
POW _FASE2 and AP_ POW _FASE3 for instance using the active
power consumption ( AP_ POW _FASE1, AP_ POW _FASE2 and AP_
POW _FASE3 ) to infer the basal consumption in the building and
the consumption conducted by the presence of people. g  This EEI counts the total daily minutes in which a NPSONC has
een detected. The number of periods per day with a NPSONC
nomaly (an anomalous period is deﬁned by the aggregation of
onsecutive anomalous data points) and averages active power per
ay in the HVAC compressor during the anomaly. 
.3. Rule-based system to detect anomalies at the energy building 
onsumption 
Based on the knowledge extracted from EE experts, EEIs and
istorical data, a Rule-based System to detect anomalies at BlueNet
uilding was developed. The aim of this system is to predict in-
ﬃcient consumption behaviours and provide correction policies.
hese objectives help achieve the main goals proposed; a high-
evel comfort with the minimum power consumption and environ-
ental friendliness. 
The Rule-based System was carried out through DM techniques.
hese techniques were applied on EEIs and historical data be-
aviour. As a result of this study, a set of variables were de-
ned, and after applying PCA analysis to determine those variables
hich have a high correlation with the BlueNet consumption pat-
erns, only the more important variables were selected ( Appendix
 ). Once the variable selection was carried out, Rule-based System
as developed using the knowledge extracted. 
The rule-base system module described in Fig. 3 was deployed
n BlueNet servers. These servers are in charge of managing and
ontrol the sensor and consumption data supplied by master sen-
ors and master Modbus device. These servers are as well in charge
f monitoring and manage all the energy consumption in BlueNet
uilding (EMCS). The rule-base system module was developed as
n independent module in the BlueNet servers. The rule-base mod-
le is connected with the monitoring system and it supplies a set
f methods, and subsequently, the outputs of these methods are
hown in the front-end application. The rule-base system module
as developed in Java, this module establishes a real time connec-
ion with sensor master devices and Modbus master devices. The
ule-base system use time series techniques to analyse real time
treaming channels from the sensors master devices and Modbus
aster device. 
Once that rule-base system module is connected with the
lueNet real time data, a set of ETL methods are applied to ag-
regate and standardise the data to solve possible conﬂicts in the
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iata, analyse and apply the set of rules (R1–R7) described in this
ection. Finally, these results are shown in front end application. 
Summarising, these rules help in a synthesised way, the
ecision-making process for experts in huge amounts of data. Sec-
ndly, this module allows experts to be advised with the best way
o use energy consumption. Besides, this system allows the pos-
ibility to highlight anomalies leading to an ineﬃcient use of the
uilding. 
As a conclusion, this system highlights the knowledge extracted
rom EEIs, the company experts in EE area, and historical data from
he BlueNet building. The rules applied to energy management sys-
em are as follows: 
(a) The use of compressor while the outside temperature is be-
ween temperature comfort range (R1): 
This rule controls the HVAC compressor use when the external
emperature at the BlueNet kept inside the comfort range that ad-
ices “Regulation of Technical Systems in Buildings” (RTSB – Royal
ecree 1826/2009) like best practice in EE. This range changes ac-
ording to the season, in winter comfort ranges keep to the min-
mum of 21 ºC (AEMET_AT) and maximum of 26 ºC (AEMET_AT) in
ummer with a condition of relative humidity between 30% and
0%, and an interior wind velocity of 0.15 m/s inside of the area
ccupied. Thus, this rule notiﬁes when the external temperature is
ore than 21 ºC and active power in HVAC compressor is greater
han 1.7 kW (AP_COMPRESSOR). Similarly, in summer it notiﬁes
hen the external temperature is less than 26 ºC and active power
n HVAC compressor is greater than 1.7 kW (AP_COMPRESSOR).
inter and summer season are deﬁned automatically by the cal-
ndar. In spring and autumn seasons the system takes the more
onvenient rule depending on inside sensor temperature and the
et point temperature. Rule R1 is as follows: 
If
In winter – AP _ COMPRESSOR ≥ 1 . 7 kW AND AEMET _ AT > 21 ◦C 
In summer – AP _ COMPRESSOR ≥ 1 . 7 kW AND AEMET _ AT < 26 ◦C 
then
HVAC excessive power used or problems with temperature probe.
(b) Compressor ON and no temperature change (R2):
This rule detects when the HVAC compressor is working
AP_COMPRESSOR) and there is no change in the temperature in-
ide BlueNet building during a period of 30 min ( ZIGBEE_AT).
his rule reports a possible HVAC compressor malfunction caused
y a compressor, if it doesn ´t work well or a breakdown. Rule R2
s as follows: 
If
A P COMPRESSOR ≥ 1 . 7 kW AND ZIGBE E AT < 0 . 2 ◦C 
then
HVAC badly dimensioned or break down compressor or energy leak
(c) Anomaly detected by a plurality of operational changes in the
VAC compressor (R3): 
This rule reports when an excessive number of operational
hanges in the HVAC compressor have happened during a day.
herefore, through DM techniques and an optimal function has
een parameterised to these features; the number of daily On-
ff in HVAC compressor (OCC_STOPPOINTS) and the daily average 
f active power in HVAC compressor (AP_COMPRESSOR_MEAN).
hese set up parameter values were obtained through a correlation
nd distribution analysis of all these parameters with a success
ate of the 85% of the bad dimensioned and energy leaks cases.
ule R3 is as follows: 
If
OC C _ ST OP P OIN T S ≥ 5 AN D AP _ COMPRESSOR _ MEN > 2 kW 
then
HVAC bad dimensioned or excessive temperature changes due to energy leaks
t  (d) Anomaly detected by a large number of operational regime
hanges in HVAC compressor (R4): 
This rule detects when the HVAC compressor has an in-
rdinate number of operational regime changes during a day.
nce a study is carried out through DM techniques, the fol-
owing features have been parameterised with optimal values.
hese features are three: First, the total number of ORCC peri-
ds (ORCC_PERIODNUMBER), a series of consecutive ORCCs consti-
utes a period. Second, the total daily minutes in which an ORCC
as been detected (ORCC_MINUTES). And ﬁnally, the daily average
f active power of HVAC compressor (AP_COMPRESSOR_MEAN). 
hese set up parameter values were obtained through a correlation
nd distribution analysis of all these parameters with a success
ate of the 85% of the bad dimensioned and energy leaks cases.
ule R4 is as follows: 
If
ORC C _ PE RIOD _ NUMBE R ≥ 50 AND ORC C _ MINUT ES ≥
50 min AND AP _ COMPRESSOR _ MEAN > 0 . 5 kW
then
HVAC bad dimensioned or excessive temperature changes due to energy leaks.
(e) Anomaly detected by SONCCIT (R5):
This rule detects anomalies caused by a SONCCIT with the aim
o report every anomaly of a SONCCIT type that has been detected.
he main feature for this rule is (SONCCIT_PERIODNUMBER) that
t counts the total number of periods with a SONCCIT anomaly. A
eries of consecutive SONCCITs constitutes a period. Rule R5 is as
ollows: 
If
SONC C I T _ PERI ODNUMBER ≥ 1 
then
Bad thermal isolation or HVAC compressor breaks down.
A case with SONCCIT anomaly detection is shown in Fig. 6
here there are two anomalies detected at 20:40 P.M. and 21:30
.M. As shown, SONCCIT detection alerts when among at least
0 min there is a drop of more than one degree centigrade in tem-
erature while the HVAC compressor is going to heat the building
n winter. These anomalies were due to an accidentally window
pened, this conclusion was carried out after analyse the sensor
ata of temperature sensors. In summer, this situation is different,
he anomaly is detected when the temperature goes up more than
ne degree centigrade for at least 10 min at least and HVAC com-
ressor is running. 
(f) Anomaly detected by SOFFCCIT (R6):
This rule detects the anomalies caused by a SOFFCCIT with the
im of reporting every anomaly of this type. The principal feature
or this rule is counting the total number of periods with a SOF-
CCIT anomaly (SOFFCCIT_PERIODNUMBER), a series of consecutive
OFFCCITs constitutes a period. Rule R6 is as follows: 
If
SOF F C C I T _ PERI ODNUMBER ≥ 1 
then
External source of heat in winter.
A situation with SOFFCCIT anomaly detection is shown in Fig. 7 .
n this graph, there are three anomalies detected at 0 0:0 0 A.M,
:20 A.M. and 10:30A.M. SOFFCCIT detection alerts if for at least
0 min there is a rise of more than a degree centigrade in temper-
ture while HVAC compressor is not running to heat the building
n winter as shown in Fig. 7. 
(g) Anomaly detected by NPSONC (R7):
The aim of this rule is to detect any ineﬃciency caused by
he use of an HVAC compressor while there is nobody in the
Fig. 6. SONCCIT anomaly detection.
Fig. 7. SOFFCCIT anomaly detection.
 
 
 
 
 
 
 
 
 
 
 
 
4
 
m  
f  
o  
p  
t  
t  
c  
s  
A  
tBlueNet building. Thus, the following features have been consid-
ered; the total number of periods with a NPSONC during a day
(NPSONC_PERIODNUMBER), a series of consecutive NPSONCs con-
stitutes a period. Besides, this period with a NPSONC anomaly
must to have at least a period of 30 min (NPSONC_MINUTES). Rule
R7 is as follows: 
If
NP SONC _ P E RIODNUMBE R ≥ 1 AND NPSONC _ MINUT ES > 30 min 
then
HVAC use without any one in the building.
A case with NPSONC anomaly detection is shown in Fig. 8
where there are two anomalies detected at 17:30 and 20:10 in
February when lighting is especially necessary at this time in an
oﬃce building. As shown, NPSONC detection alerts at least every
10 min when the lights are switched off (no one present either)
and the HVAC is running, especially in hours without sunshine.
This anomaly alerts about an unnecessary use of HVAC as shown
in Fig. 8. . Results and discussion
The aim of this study was to optimise the Energy Manage-
ent System (EMS) in buildings for any energy operation. There-
ore, in order to optimise the EMS a rule-based system was devel-
ped based on EEIs and historical data with the intent of detecting
ower consumption anomalies in building power management. All
he results were analysed and validated with the EE experts with
he following statistical measures of the performance of a binary
lassiﬁcation test. The outcome of the test can be positive (clas-
ifying anomaly cases) or negative (classifying no anomaly cases).
nd the results for each case could match with the actual status of
he case or not, as is detailed as follows. In that sense: 
• True positive (TP): anomaly case correctly identiﬁed as anomaly
case.
• False positive (FP): no anomaly case incorrectly identiﬁed as
anomaly case.
• True negative (TN): no anomaly case correctly identiﬁed as no
anomaly case.
Fig. 8. NPSONC anomaly detection.
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c• False negative (FN): anomaly case incorrectly identiﬁed as no
anomaly case.
And in general, positive means identiﬁed and negative means re-
ected , therefore: 
• True positive = correctly identiﬁed.
• False positive = incorrectly identiﬁed.
• True negative = correctly rejected.
• False negative = incorrectly rejected.
On other hand, other statistical measures were taken into ac-
ount to analyse further the performance of the test. These statis-
ical measures are; sensitivity, FPR, speciﬁcity and FNR , also known
n statistics as classiﬁcation functions: 
• Sensitivity , also called true positive rate (TPR) or recall, it mea-
sures the proportion of positives that are correctly identiﬁed as
such.
Sensit i v it y = T P R = T P/P = T P/ ( T P + F N )
• False positive ratio (FPR) measures the proportion of positives
that are incorrectly identiﬁed as such.
F P R = F P/N = F P/ ( F P + T N )
• Speciﬁcity , also called the true negative rate (TNR) , it measures
the proportion of negatives that are correctly identiﬁed as such.
Speci f icity = T NR = T N/N = T N/ ( T N + F P )
• False negative ratio (FNR) measures the proportion of negatives
that are incorrectly identiﬁed as such.
F NR = F N/ ( F N + T P )
Thus, sensitivity quantiﬁes the avoiding of false nega-
ives, as speciﬁcity does for false positives ( Sensitivity + FNR = 1;
peciﬁcity + FPR = 1 ). 
The results were obtained over the sample of 509 days and the
ates about the successful of the rules to detect anomalies were as
ollows: 
• Compressor use while the outside temperature is between temper-
ature comfort range (R1) and compressor ON and no temperature
change (R2):Any anomalies type R1and R2 were detected in the entire sam-
ple. This issue is due to a good HVAC calibration, without
energy leaks and a good HVAC management. 
• Anomaly detected by a plurality of operational changes in the
HVAC compressor (R3):
The 7.66% of days of the total sample had an anomaly of type
R3. Concretely, in the last 2 months, 5 anomalies were de-
tected due to excessive temperature changes caused by en-
ergy leaks. The results were double checked with EE experts,
and successful rates of this test were as follows ( Table 2 ) : 
Table 2
Statistical measures ( R3 ).
R3 anomaly No R3 anomaly Total
cases cases
R3 anomaly detection 4 1 5
No R3 anomaly detection 3 57 60
Total 7 58 65
TP = 4/5; FP = 1/5; TN = 57/60; FN = 3/60 
Sensitivity = 94.12%; FNR = 5.88% 
Speciﬁcity = 82.61%; FPR = 17.39% 
• Anomaly detected by a large number of operational regime
changes in HVAC compressor (R4):
The 13.75% of days of the total sample had an anomaly of type
4 . In particular, in the last 2 months 9 anomalies of type R4 were
etected due to excessive temperature changes caused by energy
eaks. The results were double checked with EE experts, and suc-
essful rates of this test were as follows ( Table 3 ) : 
Table 3
Statistical measures ( R4 ).
R4 anomaly No R4 anomaly Total
cases cases
R4 anomaly detection 8 1 9
No R4 anomaly detection 2 54 56
Total 10 55 65
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s  TP = 8/9; FP = 1/9; TN = 54/56; FN = 2/56 
Sensitivity = 96.14%; FNR = 3.86% 
Speciﬁcity = 89.67%; FPR = 10.33% 
• Anomaly detected by SONCCIT (R5):
The 13.59% of days of the total sample had an anomaly of type
R5 . Speciﬁcally, in the last 2 months 8 anomalies of type R5 were
detected due to bad thermal insulation. In this case, R5 successful
rates were as follows ( Table 4 ) : 
Table 4
Statistical measures ( R5 ).
R5 anomaly No R5 anomaly Total
cases cases
R5 anomaly detection 8 0 8
No R5 anomaly detection 2 55 57
Total 10 55 65
TP = 8/8; FP = 0/8; TN = 55/57; FN = 2/57 
Sensitivity = 96.61%; FNR = 3.39% 
Speciﬁcity = 100%; FPR = 0.00% 
• Anomaly detected by SOFFCCIT (R6):
The 23.72% of days of the total sample had an anomaly of type
R6 . In particular, in the last 2 months 14 anomalies of type R6 were
detected caused by an external source of heat in winter or cold
in summer. The results were double checked with EE experts, and
successful rates of this test were as follows ( Table 5 ) : 
Table 5
Statistical measures ( R6 ).
R6 anomaly No R6 anomaly Total
cases cases
R6 anomaly detection 11 3 14
No R6 anomaly detection 3 48 51
Total 14 51 65
TP = 11/14; FP = 3/14; TN = 48/51; FN = 3/51 
Sensitivity = 93.03%; FNR = 6.96% 
Speciﬁcity = 81.45%; FPR = 18.54% 
• Anomaly detected by NPSONC (R7):
The 5.69% of days of the total sample had an anomaly of type
R7 . Concretely, in the last 2 months 4 anomalies of type R7 were
detected due to HVAC use without any one in the building. In this
case, R7 successful rates were as follows ( Table 6 ) : 
Table 6
Statistical measures ( R7 ).
R7 anomaly No R7 anomaly Total
cases cases
R7 anomaly detection 3 1 4
No R7 anomaly detection 3 58 61
Total 6 59 65
TP = 3/4; FP = 1/4; TN = 58/61; FN = 3/61 
Sensitivity = 92.73%; FNR = 7.27% 
Speciﬁcity = 95.08%; FPR = 4.92% 
These anomaly detections advise about possible problems that
are taking place in the building (HVAC break down, incorrectly di-
mensioned and other problems). The detected anomalies could also
notify about an unnecessary waste in power that could report sig-
niﬁcant proﬁts, and on other hand, the high speciﬁcity on the or-er of 90% and the sensitivity on the order of 95%, guarantee the
uality of the EE anomalies detection. 
With the results in the study that were shown above, the
ystem integration in EE software could yields big beneﬁts: an
nvironmental friendly smart building management, an anomaly
uilding detection and can yield large proﬁts due to consumption
eduction. 
Regarding the set up stage, it was strategized an easy set up
ue to the modular architecture design of the system, in which the
ule-base module obtains the streaming of master sensor devices
nd Modbus master device data as inputs, and a RestFull API which
rovides rule-base system services, and this services are connected
ith the front-end to provide all the knowledge extracted as out-
uts. 
Some of the advantages of the system regarding to other sys-
ems are the hybrid knowledge extracted from the EE experts and
ata, which provides a customised solution for each scenario, fur-
hermore, this customised solution supplies a deep know how pro-
ided by the EE experts, and the objective know how inferred from
he point of view of the data. And ﬁnally, this system offers the
ossibility of analyse huge amount of data from distributed build-
ngs, detecting EE anomalies with high precision. Some possible
imitations of this system could be the bandwidth for several dis-
ributed data sources creating bottlenecks, but this problem was
ddressed using master devices which funnel the streaming data. 
On other hand, this solution is able to scale easily only includ-
ng inputs from others buildings in the rule-base system module. It
s necessary apply the DM techniques described in Sections 3.2 and
.3 to set-up and conﬁgure the set points of the EEI and rules re-
arding several features of the building; region, human consump-
ion behaviours, the culture of the persons, etc. And on other hand,
iscover possible new rules, such as, freeze protection rules in
hose countries in which it is reached low temperatures. 
. Conclusions
Having contrasted the result of the study and corroborated the
nomalies in the BlueNet building with Isotrol experts, the future
oal is to integrate this framework in the commercial EE software
alled Eugene, whose owner is the ISOTROL company. Eugene is
n EMS that obtains results in real-time of buildings through a
CADA and shown in real time through a graphic interface. This
ool unites reports of accumulated consumption divided by zones
f the building, monthly consumptions of every area of the build-
ng, active power of the building in real time and historical, etc.
 Fig. 9 ). Adding this module to Eugene, has provided a general
oint of view that shows all anomalies happening in buildings con-
rolled by Eugene in real time, and also quantiﬁes EE based on an
EIs system and a Rule-Based System module. This tool advises ex-
erts about applying new policies for detection in real time and
ithout analysing thousands of data. And it also advises about ac-
urate consumption behaviour in order to improve the EE in smart
uildings. 
This paper tackles the EE problem in smart buildings from the
oint of view of power consumption. Smart buildings are equipped
ith an EMS that is able to intelligently control the activation of
evices and accordingly to minimize power, taking into account
he varying requirements of the users. This study describes the
esign and development of a system to improve EMS and detect
nomalies in smart buildings based on EEIs and Rule-Based Sys-
em module. 
In the ﬁrst instance, a bibliographic revision of research with
he same objective has been carried out. Other similar work in
mart buildings has been checked but no other work has been set
p with the aim to render support in an EE detection of anomalies
ystem. This system has been developed using DM techniques to
Fig. 9. Eugene EE software, ISOTROL company.
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 licit the EE experts ´ knowledge and the knowledge hidden in the
ata. Once the knowledge in BlueNet consumption behaviour has
een extracted, a module of EEIs and a Rule-Based System module
as been modelled and developed. 
The quality of this work is illustrated by a case study that em-
loys a real database and works in real time having excellent be-
aviour in anomaly detection. Also, this system helps to EE experts
o analyse Big Data in smart buildings describing their behaviour,
etecting anomalies and quantify this behaviour through EEIs. In
ddition, this work is applied to a real project adhered to FP7 (FP7-
85229 KnoholEM) demonstrating the feasibility of the approach,
nd also this work helps to reach the guidelines set by UE direc-
ives in future buildings (20-20-20 Objectives). 
A future perspective of line to research could be the integra-
ion with a Demand Side Management (DSM), vehicles to the grid
V2G) management, system of storage of energy provided by re-
ewable energy in the building, integration of a low consumption
ystem of lighting managed by a dimmer, etc. all these research
ines oriented to IoT with smart and autonomous decision mak-
ng. With this argument new anomalies detected through DM tech-
iques and expert knowledge could be integrated, and improve the
ntelligence of the ediﬁce. 
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PPENDIX A. MAIN attributes in bluenet building 
AEMET_AT ( ºC): Outdoor air temperature in Celsius degrees out-
side of BlueNet building. AP_CLI_FASE1 (kW): Active power of phase1 in HVAC. 
AP_CLI_FASE2 (kW): Active power of phase2 in HVAC. 
AP_CLI_FASE3 (kW): Active power of phase3 in HVAC. 
AP_LIG_FASE1 (kW): Active power of phase1 in lighting. 
AP_LIG_FASE2 (kW): Active power of phase2 in lighting. 
AP_LIG_FASE3 (kW): Active power of phase3 in lighting. 
AP_POW_FASE1 (kW): Active power of phase2 in power. 
AP_POW_FASE2 (kW): Active power of phase2 in power. 
AP_POW_FASE3 (kW): Active power of phase2 in power. 
PRESENCE_ID_ENT (DD/MM/YY h:min:s): The entry timestamp of
an employee in BlueNet building. 
PRESENCE_ID_EXI (DD/MM/YY h:min:s): The exit timestamp of an
employee in BlueNet building. 
ZIGBEE_AT ( ºC): Indoor air temperature in Celsius degrees inside
of BlueNet building. 
∗FASE1, FASE2, FASE3 variables for HVAC, lighting and power de-
cribes the active power for each phase of the three-phase AC. 
PPENDIX B. EEIs and rule-based attributes in bluenet building
AP_AIR_MIXERS (kW): Active power in air mixers of HVAC sys-
tem. 
AP_COMPRESSOR_MEAN (kW): Average of daily active power of
the HVAC compressor. 
AP_COMPRESSOR (kW): Active power of the HVAC compressor. 
AP_LIGHTING (kW): Active power of the lighting system. 
AP_SPLITS (kW): Active power in splits of HVAC system. 
NPSONC_ MINUTES (kW): Time in minutes in which lighting was
working with a NPSONC anomaly is detected. 
NPSONC_ PERIODNUMBER: Total number of periods with a
NPSONC anomaly during this day. 
OCC_STOPPOINTS: Number of daily On-Off operations in HVAC
compressor. 
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 ORCC_PERIODNUMER: Total number of periods with an opera-
tional regime change in HVAC compressor during a day. 
ORCC_MINUTES (min): Time in minutes in which an operational
regime change in HVAC compressor anomaly is detected. 
SOFFCCIT_PERIODNUMBER: Total number of periods with a
switch off in HVAC compressor and an abnormal change in
interior temperature anomaly during a day. 
SONCCIT_PERIODNUMBER: Total number of periods with a
switch on in HVAC compressor and an abnormal change in
interior temperature anomaly during a day. 
AP_COMPRESSOR (kW): Variation in active power of HVAC com-
pressor during 10 min.
ZIGBEE ( ºC): Temperature variation in a speciﬁc room of the
BlueNet building during a period of 30 min.
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